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Abstract

Comprehension of ancient texts plays an important role in
archaeology and understanding of Chinese history and civ-
ilization. The rapid development of large language models
needs benchmarks that can evaluate their comprehension of
ancient characters. Existing Chinese benchmarks are mostly
targeted at modern Chinese and transmitted documents in an-
cient Chinese, but the part of excavated documents in ancient
Chinese is not covered. To meet this need, we propose the
AncientBench, which aims to evaluate the comprehension of
ancient characters, especially in the scenario of excavated
documents. The AncientBench is divided into four dimen-
sions, which correspond to the four competencies of ancient
character comprehension: glyph comprehension, pronuncia-
tion comprehension, meaning comprehension, and contextual
comprehension. The benchmark also contains ten tasks, in-
cluding radical, phonetic radical, homophone, cloze, trans-
lation, and more, providing a comprehensive framework for
evaluation. We convened archaeological researchers to con-
duct experimental evaluations, proposed an ancient model as
baseline, and conducted extensive experiments on the cur-
rently best-performing large language models. The experi-
mental results reveal the great potential of large language
models in ancient textual scenarios as well as the gap with
humans. Our research aims to promote the development and
application of large language models in the field of archaeol-
ogy and ancient Chinese language.

Introduction
As one of the most spoken languages in the world, Chinese
has received extensive attention in recent years in the field
of natural language processing (NLP). As an important part
of the Chinese language, ancient Chinese carries extremely
rich historical and cultural information, and its study is of
great significance for the traceability of Chinese history, the
protection of cultural heritage, and the development of his-
torical linguistics. However, traditional ancient Chinese re-
search methods are highly dependent on the researcher’s
memory and linguistic intuition, which is often inefficient
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Figure 1: Comparison of excavated documents with trans-
mitted documents. (a) Bamboo Book of Chu, excavated doc-
uments. (b) Silk Books, excavated documents. (c) Book of
Poetry, transmitted documents.

and difficult to deal with large-scale corpus systematically,
limiting the breadth and depth of research.

With the rapid development of artificial intelligence tech-
nology, especially large language models (LLMs), ancient
Chinese research is gradually stepping towards a new
paradigm of data-driven and model-supported. LLMs have
demonstrated excellent generalization ability in natural lan-
guage understanding and natural language generation, and
have shown great potential in text analysis, language struc-
ture modeling, and so on. In order to systematically evalu-
ate the capability of these models, academics have gradually
constructed a series of standardized evaluation systems, such
as MMLU(Hendrycks et al. 2021a), BIG-bench(Srivastava
et al. 2022), and HELM(Bommasani, Liang, and Lee 2023),
etc., which have become important tools for measuring the
general language intelligence of models. This technological
trend offers new opportunities for ancient Chinese process-
ing, especially in understanding difficult ancient texts.

In the Chinese context, based on its linguistic character-
istics and application requirements, a series of benchmarks
have emerged to evaluate the capability of Chinese LLMs,
such as CLUE(Xu et al. 2020a), CMMLU(Li et al. 2024),



and MMCU(Zeng 2023), etc. Most of these benchmarks
cover a wide range of domains in Chinese scenarios, such
as language comprehension, logical reasoning, instruction
execution, etc., which promote the evaluation and iterative
optimization of Chinese language models. In recent years,
some datasets related to ancient Chinese have also appeared,
e.g., ACLUE(Zhang and Li 2023) and WYWEB(Zhou et al.
2023). However, the tasks related to ancient Chinese in such
benchmarks are scarce, mostly limited to syntax parsing,
with no unified evaluation criteria, making it hard to fully
assess the comprehension ability of language models for an-
cient Chinese.

Ancient Chinese documents are mainly divided into two
categories: transmitted documents (TraDoc) and excavated
documents (ExcDoc) (Guiyuan 2023). Transmitted docu-
ments refer to those that have been handed down from an-
cient times through hand-copying, engraving, copying, etc.,
such as the Analects, the Grand Scribe’s Records, and the
Book of Poetry. These documents have been continuously
collated and annotated by future generations, forming a rel-
atively stable textual system with standardized language and
clear structure, which facilitates the construction of stan-
dardized comprehension and reasoning tasks, and is the
main source of corpus for most of the current ancient litera-
ture evaluation tasks. In contrast, excavated documents refer
to ancient written materials obtained through archaeological
excavations, mainly including oracle bones, Bronze Inscrip-
tions, Bamboo Book of Chu, Silk Books, and so on. These
documents are much earlier in time and have a more prim-
itive and authentic language style, directly reflecting lan-
guage use and culture in ancient societies. We give a detailed
comparison between transmitted documents and excavated
documents in Figure 1.

On the one hand, excavated documents are mostly ob-
tained from original and unearthed objects (Chi et al. 2022)
that have not been copied, compiled, or politically interfered
with over the generations, thus preserving the most primitive
form and content of the text (Boltz 1986). On the other hand,
excavated documents usually have clear archaeological lay-
ers, coexisting artifacts, and scientific dating data, which can
accurately locate their age (Jane 2014). Therefore, excavated
documents have stronger originality, authenticity, and clarity
of time and region than transmitted documents. Excavated
documents are of irreplaceable importance in the study of
ancient Chinese for the understanding of ancient documents.
Existing LLMs in the field of ancient Chinese still mainly
rely on transmitted documents in the training and evalua-
tion process, and the coverage of excavated documents is ex-
tremely limited because most of the texts of excavated doc-
uments are concentrated on the surface of tortoise shells and
bamboo slips, which are difficult to access and covered with
complex noises (Shi et al. 2022b). Some attempts include
the use of OCR technology to detect and recognize exca-
vated documents (Diao et al. 2023b; Yue et al. 2025), but
only a small amount of data is available because the existing
text encoding in computers cannot cover all excavated doc-
uments. The above difficulties have hindered the research of
LLMs in the field of ancient Chinese.

To bridge this gap, we propose AncientBench, a bench-

mark for evaluating the comprehension of ancient texts, es-
pecially excavated documents, in large language models.
From the perspective of data corpus, AncientBench mainly
adopts the pre-Qin period, i.e., the Xia dynasty, Shang dy-
nasty, Zhou dynasty, Spring and Autumn periods, and War-
ring States period, focusing mainly on Oracle Bone Inscrip-
tions, Bronze Inscriptions, and Bamboo Book of Chu. From
the perspective of the competencies evaluated and the de-
sign of the questions, the AncientBench examines the four
competencies of LLMs in the field of ancient Chinese, i.e.,
glyph comprehension, pronunciation comprehension, mean-
ing comprehension, and contextual comprehension. The An-
cientBench contains ten tasks, i.e., Radical, Radical Mean-
ing, Pronunciation, Phonetic Radical, Homophone, ExcDoc
Word, TraDoc Word, Cloze, Phonetic Loan Character, and
Translation. We aim to comprehensively and objectively
evaluate the ability of LLMs to understand ancient texts.

We convened researchers from the interdisciplinary fields
of archaeology and artificial intelligence to conduct exper-
iments based on the AncientBench to evaluate the com-
prehension of ancient characters as humans, and evaluated
LLMs with zero-shot and few-shot, respectively. The exper-
imental results show that there is still a gap between their
comprehension of ancient texts and that of humans, and
most of the models still need to improve their comprehen-
sion of ancient texts. Our study aims to propose a compre-
hensively and multi-dimensional benchmark in the field of
ancient Chinese, with the aim of promoting the research of
LLMs in the field of ancient Chinese. Our contribution is
summarized below.

• We have achieved the digitization of ancient characters.
We propose a three-stage method for digitization. With
this method, we can process excavated documents, which
facilitates the training and evaluation of ancient LLMs.

• We construct AncientBench. For the first time, we intro-
duce excavated documents into the field of natural lan-
guage processing, construct AncientBench focusing on
excavated documents, and propose a novel and compre-
hensive evaluation benchmark for the research of LLMs
in the field of ancient Chinese.

• We convened archaeological researchers to evaluate the
comprehension of ancient characters in humans. At the
same time, we proposed an ancient model and conducted
extensive experiments based on AncientBench.

Related Work
The development of benchmarks for evaluating models has
been an important research topic in NLP. Early models
mainly relied on pretraining fine-tuning methods, and a se-
ries of benchmarks have been proposed for NLU tasks,
such as SentEval(Conneau and Kiela 2018), GLUE(Wang
et al. 2018) and SuperGLUE(Wang et al. 2019), where
CLUE(Xu et al. 2020b) contains more than 10 tasks cov-
ering most NLP problems. With the development of LLMs
in recent years, A series of benchmarks have been proposed
for NLG tasks, such as Sakaguchi(Sakaguchi et al. 2021),
Hendrycks(Hendrycks et al. 2021b), and Austin(Austin et al.
2021). MMLU(Hendrycks et al. 2021a) is extremely popular



Competencies Task Questions Description

Glyph Radical 8438 Radical Recognition
Radical Meaning 1432 Radical Meaning Recognition

Pronunciation
Pronunciation 3886 Pronunciation Recognition

Phonetic Radical 304 Phonetic Radical Recognition
Homophone 2265 Homophone Recognition

Meaning ExcDoc Word 365 Excavated Documents Word Understanding
TraDoc Word 1504 Transmitted Documents Word Understanding

Contextual
Cloze 4875 Cloze Task for Excavated Documents

Phonetic Loan Character 4637 Phonetic Loan Character Recognition
Translation 1001 Translation

Table 1: Framework of AncientBench. Competencies denotes the four competencies examined by the benchmark, e.g. Glyph
denotes glyph comprehension. Task denotes the ten tasks. Questions denotes the number of questions included in each task.
Description denotes the description of the task.

in LLM evaluations due to its standardized question format,
comprehensive coverage, and uniformity of the evaluation
criteria. However, most of the benchmarks mentioned above
focus on evaluating in English.

As the most spoken language in the world, Chinese
has a very important research significance. Xu proposed
CLUE(Xu et al. 2020b) and SuperCLUE(Xu et al. 2023),
which cover most of the tasks of Chinese NLU. After
MMLU(Hendrycks et al. 2021a) was proposed, many re-
searchers proposed Chinese scenarios based on the MMLU
evaluation framework. Multi-domain and multidimensional
benchmarks, such as MMCU(Zeng 2023), CMMLU(Li et al.
2024), and AGIEval(Zhong et al. 2024), where MMCU cov-
ers four major domains and CMMLU covers more than
20 multilingual and Chinese languages. In addition, CG-
Eval(Zeng et al. 2024b) and M3KE(Liu et al. 2023) used
multitask multiple question types to evaluate LLMs.

In recent years, benchmarks for evaluating ancient Chi-
nese have made rich progress in several directions. (Zinin
and Xu 2020) further open-sourced 20 historical traveling
materials and other ancient corpus, enriching the diversity
of the domain; FSPC(Shao et al. 2021) and CcMP(Li et al.
2021) focus on the comprehension task of ancient poems,
and the CUGE(Yao et al. 2022) focuses on the poetry match-
ing subtask based on CcMP. In addition, (Pan et al. 2022),
(Wang and Ren 2022), and (Liu et al. 2022) have succes-
sively introduced task sets covering syntactic analysis, topic
mining, and sentiment classification; Comprehensive bench-
marks such as CCLUE(Yao et al. 2022) and WYWEB(Zhou
et al. 2023) integrate various tasks from text classification to
poetry analysis and machine reading comprehension. AC-
EVAL(Wei et al. 2024) is mainly targeted at LLMs, and in-
tegrates a variety of tasks and datasets, constructing a com-
prehensive and integrated benchmark for ancient Chinese.

AncientBench
AncientBench Overview
AncientBench consists of four dimensions of competency
evaluations and ten tasks, as shown in Table 1. The four
dimensions of competency evaluation include glyph com-

prehension, pronunciation comprehension, meaning com-
prehension, and contextual comprehension. The ten tasks
include Radical, Radical Meaning, Pronunciation, Phonetic
Radical, Homophone, ExcDoc Word, TraDoc Word, Cloze,
Phonetic Loan Character, and Translation. In order to ensure
the quality of the competency dimensions and task defini-
tions, we used the following criteria for the definitions.

The first is authority and credibility. We invited experts
in the field of archaeology to analyze the comprehension of
ancient characters from a human perspective, i.e., what are
the foundational abilities that persons need if we consider
them to have the ability to understand ancient texts. Combin-
ing archaeologists’ analysis and classical tasks in the field of
natural language processing, we finally identified these four
dimensions.

The second is diversity and comprehensiveness. In order
to ensure the comprehensiveness of the AncientBench, we
defined it from two perspectives: the characteristics of an-
cient Chinese documents and the difficulty of textual com-
prehension. The four dimensions of the AncientBench rep-
resent a surface-to-surface understanding of an ancient Chi-
nese character, where glyph understanding and pronuncia-
tion understanding represent the external features of a char-
acter. The glyph is key to transferring the semantics of char-
acters (Shi et al. 2022a). In glyph comprehension, Radical
Recognition refers to the recognition of the components of
a character (Diao et al. 2023a), and Radical Meaning refers
to the recognition towards the meaning of the components.
In pronunciation comprehension, Pronunciation Recogni-
tion refers to the recognition of the pronunciation of a char-
acter, and we refer to the notation in the ancient Chinese
dictionary ShuoWen(Xu 1981) as the definition of character
pronunciation, while Phonetic Radical Recognition refers to
the recognition of the component of a character that is re-
sponsible for the pronunciation of the character (Ho, Ng,
and Ng 2003). Meaning comprehension and contextual com-
prehension are the internal meanings of a character (Nelson
and Stage 2007). In meaning comprehension, ExcDoc Word
refers to the understanding of the word meanings in exca-
vated documents, and TraDoc Word refers to the understand-
ing of the word meanings in transmitted documents. Con-



textual comprehension involves identifying Phonetic Loan
Characters (Yang 2000) in excavated texts. AncientBench’s
four tasks vary in difficulty: glyph and pronunciation com-
prehension is at the character level, meaning comprehension
is at the word level, and contextual comprehension is at the
sentence level.

Finally, the standardization of the criteria. In order to en-
sure the uniformity and certainty of the evaluation criteria of
AncientBench. We chose the classic tasks in the field of nat-
ural language processing, such as cloze, translation, etc. as
the evaluation tasks. Then we further processed these tasks
and finally displayed them in multiple-choice format to en-
sure the consistency and certainty of the evaluation crite-
ria. AncientBench contains 28,707 questions, all in multiple-
choice format.

AncientBench Construction
Data Collection. The data sources for the AncientBench
mainly include oracle bone inscription, Bronze Inscriptions,
Bamboo Book of Chu, ShuoWen(Xu 1981), Chinese Dic-
tionary Compendium(Luo 1986), and a series of pre-Qin
books.

We have digitized excavated documents such as oracle
bone inscriptions and Bamboo Book of Chu, as well as trans-
mitted documents such as ShuoWen and Chinese Dictionary
Compendium based on the constructed character coding list.
Then we matched and integrated each character with its rad-
icals, pronunciation, and character meaning information.

Digitization of Ancient Characters. One of the main dif-
ficulties in constructing datasets of ancient characters is that
many ancient characters are not encoded in computers, and
many ancient characters that can be represented in comput-
ers may have different unicode encoding. In order to stan-
dardize the evaluation of ancient characters for comprehen-
sion, digitization and encoding of ancient characters need
to be standardized. In this paper, we use a three-phase ap-
proach to achieve digitization and encoding of ancient char-
acters, i.e., ancient character image processing, unified font
encoding, and new encoding of missing characters.

The first is ancient character image processing. We extract
the feature information and spatial relationship information
of each radical of the ancient character image by computer
vision methods, and link the ancient characters with the rad-
ical information to generate the ancient character knowledge
graph. Then we reconstruct a vector image for each ancient
character.

The second is unified font encoding. We extract glyphs
and encoding information from the font library based
by character processing technology, and perform de-
duplication operations on characters to ensure that each
character corresponds to a unique encoding information, and
finally obtain an integrated character encoding table.

Finally the new encoding of missing characters. The
glyph information obtained from the image processing of
ancient characters is compared with the character encoding
table, if it is an existing character, the unicode encoding in
the character encoding table continues to be used, and if it

is an unrecorded character, it is added to the vocabulary as a
new character generating a new unicode encoding.

After the three-stage approach to digitization of ancient
characters, we can obtain a complete and unified table for
character encoding.

Subject Construction. Based on the four dimensions we
defined for capability evaluation, we analyzed the existing
available data resources, as well as referring to the classic
tasks in the field of natural language reasoning, and finally
identified ten evaluation tasks, i.e., Radical, Radical Mean-
ing, Pronunciation, Phonetic Radical, Homophone, ExcDoc
Word, TraDoc Word, Cloze, Phonetic Loan Character, and
Translation. In order to ensure the accuracy and reasonable-
ness of the topic construction, we followed the following
principles in reconstructing the subject and options. Some
sample questions are shown in Figure 2.

The first is uniform evaluation criteria. In order to stan-
dardize the input and output of the model, as well as ensur-
ing uniformity in the criteria for evaluating the model, we
used multiple-choice questions for all of them.

The second is difficulty level differentiation. We differ-
entiated the difficulty levels of the AncientBench questions
from three perspectives: task type, data source, and question
option design. In terms of task type, ten evaluation tasks of
AncientBench cover ancient characters from the understand-
ing of various features of a single character to the seman-
tic understanding in the context, so the Radical is defined
as a relatively easy task, while the Cloze will be defined
as a more difficult task. In terms of data sources, the An-
cientBench’s data covers multiple eras such as oracle bones,
Bronze Inscriptions, and Warring States scripts, etc. Scripts
from the ancient period will have greater differences in the
way of using words and in the glyph and pronunciation of
words compared to those of more recent eras, so even though
the ExcDoc Word belongs to the meaning comprehension
ability, and the Translation belongs to the contextual com-
prehension ability, ExcDoc Word will be more difficult than
Translation, because the words in ExcDoc Word is older
than that in Translation. In the same task, different subjects
also have difficulty differentiation, for example, the Radi-
cal includes Oracle Bone, Bronze Inscriptions, and Warring
States scripts. Oracle Bone is more difficult to identify com-
pared to Warring States script because the glyphs of Oracle
Bone are quite different from modern Chinese characters.
As for the design of the question options, in order to avoid
the question options being too intuitive, we did not gener-
ate all the question options by random method, but carefully
designed the difficulty differentiation. For some of the op-
tions, we replaced a radical of the correct answer with a sim-
ilar radical to ensure the reasonableness of the questions, as
shown in the red box in Figure 2, when we constructed op-
tion B, we chose the part of the answer that has a similar
meaning to the correct answer as the confusing option. We
further refine the distinction between models or human an-
cient characters by differentiating difficulty between tasks,
and within tasks.

Finally the authority. After the AncientBench was con-
structed, we invited researchers in the field of archaeology to



Figure 2: Some samples from the AncientBench. The red box shows a Radical Meaning task sample for glyph comprehension,
the blue box shows a Phonetic Radical task sample for pronunciation comprehension, the yellow box shows an ExcDoc Word
task sample for meaning comprehension, and the green box shows a Phonetic Loan Character task sample for contextual
comprehension.

evaluate the AncientBench from the aspects of data source
selection, topic design, and option design to ensure the rea-
sonableness of the AncientBench.

Experiments
Setup
We evaluated both the LLMs and human comprehension
of ancient characters based on AncientBench, and for the
LLMs, we compared the accuracy of the models in both
zero-shot and few-shot, respectively.

Referring to the experimental setup of CMMLU(Li et al.
2024), AC-EVAL(Wei et al. 2024), we used the following
statement in constructing the model input: “For the follow-
ing multiple-choice questions, please directly give the option
of the correct answer”. For zero-shot, we will directly give
the output prompt: “the answer is: ”. For few-shot, we will
give five samples containing the correct answer.

Regarding the output of the model, we refer to the answer
processing method of MMLU(Hendrycks et al. 2021a), the
logits of the next of the next predicted token is obtained af-
ter inputting the prompt into the model, then we compare
the probability of the four tokens, ‘A’, ‘B’, ‘C’ and ‘D’, and
finally we choose the one with the highest probability as the
model choice.

For the matrices, we calculated multiple-choice accuracy
for the ten tasks, averaged the accuracy for the tasks included
in the four competencies as the score for each competency,
and finally calculated the average of all competency scores
as the average score.

Human Performance. To facilitate comparison with the
model, we evaluated the comprehension of ancient charac-

ters in humans. In conducting the evaluation, we randomly
selected five multiple-choice questions for each of the 10
tasks, constituting a 50-question multiple-choice question-
naire, and then invited the participants to take part in the ex-
amination. We counted the participants’ accuracy and time
to answer the questions, and took the average as the average
of the accuracy of each task. The invited participants were
graduate students at the intersection of the fields of archae-
ology and artificial intelligence.

Models. In our evaluation, we have selected 9 models that
perform well in the Chinese field. Including (1) Llama-3-8B-
Instruct(Grattafiori et al. 2024), (2) GLM-4-9b-Chat(Zeng
et al. 2024a), (3) Qwen-7B/14B-Chat(Bai et al. 2023), (4)
Baichuan2-7B/13B-Chat(Yang et al. 2025), (5) Yi-1.5-9B-
Chat(Young et al. 2025), (6) Xunzi-Qwen-Chat(Zhao et al.
2024), (7) Tonggu-7b-Chat(Cao et al. 2024).

Ancient Model
In order to evaluate the impact of ancient Chinese knowl-
edge on the ancient Chinese comprehension ability of
LLMs, and to establish a strong baseline for benchmark, we
fine-tuned LLMs based on ancient Chinese knowledge.

Based on our preliminary experiments, we used Yi1.5-
9B-Chat(Young et al. 2025), which has the strongest an-
cient Chinese capabilities. We constructed a fine-tuning
dataset. Specifically, we constructed fine-tuning question-
answer pairs, each consisting of three parts: instruction, in-
put, and output. The instruction describes what task to per-
form, the input describes the specific task details, and the
output defines the model output. Based on this dataset, we
performed full fine-tuning on Yi1.5-9B-Chat. During train-



Model Glyph Pronunciation Meaning Contextual Average
human performance 76.66 50.00 38.33 55.55 55.13

Qwen-14B-Chat(Bai et al. 2023) 53.01 31.70 63.86 55.43 51.00
GLM4-9b-chat(Zeng et al. 2024a) 44.96 34.48 69.71 48.05 49.30

Baichuan2-13B-Chat(Yang et al. 2025) 45.08 35.16 60.81 56.11 49.29
Yi1.5-9B-Chat(Young et al. 2025) 42.70 30.12 65.53 56.91 48.81

Baichuan2-7B-Chat(Yang et al. 2025) 49.32 29.68 58.54 54.64 48.04
Llama3-8B-Instruct(Grattafiori et al. 2024) 41.54 28.15 51.80 62.41 45.97

Xunzi-Qwen-Chat(Zhao et al. 2024) 43.03 27.40 55.23 49.72 43.84
Qwen-7B-Chat(Bai et al. 2023) 45.80 25.08 56.33 48.14 43.83
Tonggu-7b-chat(Cao et al. 2024) 33.72 29.37 42.49 38.65 36.05

Yi1.5-9B-Ancient(ours) 50.77 32.30 67.12 50.93 50.28

Table 2: Accuracy of each model in zero-shot. We report the average of each tasks in comprehension capacity. “Average” is the
average of the comprehension competencies. Bold indicates the best model performance.

ing, we set the batch size to 2 and the learning rate to 1e−5.
All experiments were executed on the machine running the
Ubuntu OS with ascend-d910b npu. We named our model
Yi1.5-9B-Ancient.

Zero-shot Results
We evaluated the comprehension of ancient characters by
LLMs in zero-shot, and compared with human performance.
We analyzed the results in terms of the number of parameters
of the model, the type of model, and the different tasks.

The ancient characters comprehension of the LLMs in
zero-shot is shown in Table 2. The average competence
of ancient characters comprehension of LLMs is lower
than the human performance, and even the best performing
model, i.e., Qwen-14B-Chat, is 4.13% lower than the aver-
age human level. For glyph comprehension and pronuncia-
tion comprehension, there is a large difference between the
LLMs and the human performance, and the human perfor-
mance is generally more than 30% higher than the LLMs,
which may be because humans are multimodal in recogniz-
ing ancient characters’ glyphs, whereas the LLMs have only
a single modality. For tasks such as context comprehension,
which requires only a single modality, there is not much dif-
ference between the LLMs and the human performance. For
meaning comprehension, the LLMs generally scored higher
than the human performance, probably because the word
sense comprehension task requires more memory.

From the perspective of model type, the average ancient
characters comprehension competence of the ancient Chi-
nese model and the generic LLMs did not differ much. In
terms of the average score, Qwen-14B-Chat, Baichuan2-
13B-Chat, and GLM4-9b-chat have the highest scores of
51.00%, 49.30%, and 49.29% respectively, which shows
that although most of these models are trained on a modern
Chinese corpus, they possess strong generalization ability.
Llama3-8B-Instruct’s is trained mainly on the English cor-
pus, and thus scores slightly lower than the Chinese model
with the same number of parameters, which is in line with
our conjecture. With the same number of parameters, the
glyph comprehension and pronunciation comprehension of
the ancient Chinese model is slightly higher than that of the

generic LLM, which may be because of the larger number
of ancient characters included in the training corpus of the
ancient Chinese model, which enables the model to build up
information between the ancient characters and their glyph.
The above observations reflect the linguistic differences be-
tween English and Chinese as well as between modern and
ancient Chinese in the training corpora, further emphasizing
the importance of our benchmarks.

From the perspective of the number of model parameters,
the highest average score is Qwen-14B-Chat with 51.00%,
which shows that increasing the number of model param-
eters is beneficial to the comprehension of ancient char-
acters, the average score of Baichuan2-13B-Chat is 1.25%
higher than that of Baichuan2-7B-Chat, and Qwen-14B-
Chat’s average score improved by 7.17% over Qwen-7B-
Chat. For meaning comprehension and contextual compre-
hension, the effect of the number of parameters is more ob-
vious, with Baichuan2-13B-Chat’s meaning comprehension
being 2.27% higher than Baichuan2-7B-Chat’s, and Qwen-
14B-Chat’s contextual comprehension being 7.29% higher
than Qwen-7B-Chat’s, which may be because meaning com-
prehension and contextual comprehension require more log-
ical reasoning skills compared to Glyph and Pronunciation
comprehension.

From the perspective of AncientBench’s different tasks,
the LLMs scored high in the evaluation of meaning com-
prehension and contextual comprehension competence, with
GLM4-9b-chat reaching 69.71% in meaning comprehen-
sion, which is 31.38% higher than the human performance;
however, they performed poorly in the evaluation of glyph
comprehension and pronunciation comprehension ability,
with all the models scoring around 30 in the pronunciation
comprehension evaluations, close to random selection. This
may be because the questions give the context, and the mod-
els are able to use this information to reason the meanings
of the ancient characters and then provide answers; whereas
glyph comprehension and pronunciation comprehension di-
rectly require the models to recognize the glyph and pronun-
ciation, which relies more on the amount of knowledge in-
herent in the models, i.e., the knowledge learned during the
pre-training process. The above conclusion proves that the



Model Glyph Pronunciation Meaning Contextual Average
human performance 76.66 50.00 38.33 55.55 55.13

Qwen-14B-Chat(Bai et al. 2023) 47.31 (-5.7) 29.75 (-1.95) 65.08 (+1.22) 58.10 (+2.67) 50.05 (-0.95)
GLM4-9b-chat(Zeng et al. 2024a) 46.33 (+1.37) 34.92 (+0.44) 69.84 (+0.13) 51.05 (+3.00) 50.53 (+1.23)

Baichuan2-13B-Chat(Yang et al. 2025) 43.84 (-1.24) 35.34 (+0.18) 57.13 (-3.68) 55.37 (-0.74) 47.92 (-1.37)
Yi1.5-9B-Chat(Young et al. 2025) 46.73 (+4.03) 32.04 (+1.92) 66.21 (+0.68) 58.26 (+1.35) 50.80 (+1.99)

Baichuan2-7B-Chat(Yang et al. 2025) 42.74 (-6.58) 32.10 (+2.42) 56.78 (-1.76) 50.54 (-4.1) 45.54 (-2.5)
Llama3-8B-Instruct(Grattafiori et al. 2024) 41.24 (-0.3) 27.10 (-1.14) 57.17 (+5.37) 64.57 (+2.16) 47.51 (+1.54)

Xunzi-Qwen-Chat(Zhao et al. 2024) 44.63 (+1.6) 29.20 (+1.8) 52.67 (-2.56) 49.03 (-0.69) 43.88 (+0.04)
Qwen-7B-Chat(Bai et al. 2023) 42.53 (-3.72) 25.77 (+0.69) 55.47 (-0.86) 49.37 (+1.23) 43.28 (-0.55)
Tonggu-7b-chat(Cao et al. 2024) 34.54 (+0.82) 30.41 (+1.04) 45.34 (+2.85) 39.09 (+0.44) 37.34 (+1.29)

Yi1.5-9B-Ancient(ours) 49.67 (-1.1) 32.98 (+0.68) 65.23 (-1.89) 55.44 (+4.51) 50.83 (+0.55)

Table 3: Accuracy of each model in few-shot. We report the average of each tasks in comprehension capacity. “Average” is the
average of the comprehension competencies. Bold indicates the best model performance.

reasoning ability and the amount of knowledge of LLMs can
indeed assist us in the research in the field of ancient char-
acters, but the current LLMs have less knowledge related to
excavated documents, which is caused by the low content of
excavated documents in the pre-training corpus of the mod-
els, which shows that the LLMs have a great potential in the
research in the field of ancient Chinese, and also side by side
proves the importance of our proposed benchmarks.

It is worth noting that Yi1.5-9B-Ancient, after being fine-
tuned with our ancient Chinese knowledge, demonstrated
excellent performance. The average score reached 50.28%,
achieving the best performance among LLMs with the same
parameter scale, and an average score increase of 1.47%
compared to the Yi1.5-9B-Chat. In terms of glyph compre-
hension, Yi1.5-9B-Ancient achieved 50.77%, an improve-
ment of 8.07% over Yi1.5-9B-Chat. In terms of pronunci-
ation comprehension and meaning comprehension, Yi1.5-
9B-Ancient achieved 32.30% and 67.12%, respectively. The
above results prove that Yi1.5-9B-Chat contains relatively
little information on ancient characters, and it is likely that
LLMs such as Yi1.5-9B-Chat have limited embedding of an-
cient characters, while the method of fine-tuning can sup-
plement this part of the knowledge of large language mod-
els. Yi1.5-9B-Ancient performed poorly on the contextual
comprehension task, even 5.98% lower than Yi1.5-9B-Chat.
This maybe because the contextual comprehension contains
some topics related to traditional documents, and the ancient
knowledge introduced by fine-tuning caused some damage
to the original embedding of Yi1.5-9B-Chat, thereby affect-
ing the model’s performance on the contextual comprehen-
sion. In summary, existing LLMs lack knowledge related to
ancient Chinese, resulting in weak ancient character com-
prehension abilities. Fine-tuning as a baseline is an intuitive
and effective method that can supplement LLMs with an-
cient Chinese knowledge, but it may affect the original em-
bedding. Therefore, it is necessary to further propose better
methods that can represent ancient characters without affect-
ing the original embedding.

Few-shot Results
We analyzed the few-shot results in terms of the number of
parameters of the model, the type of model, and the different

tasks, and compared the results with the zero-shot results.
The ancient characters comprehension of the LLMs in

few-shot is shown in Table 3. Compared to zero-shot, the
performance of most of the models is improved, but still
lower than the human performance. Yi1.5-9B-Chat achieves
a average score improvement of 1.99% to 50.80%. tonggu-
7b-chat, glm-4-9b-chat, and yi-1.5-9B-Chat in few-shot
have all the four competence scores all improved. How-
ever, both Baichuan2 and Qwen have reduced performance
in few-shot, which is different from our expectation.

From the point of view of each task, the model’s pronun-
ciation comprehension and contextual comprehension im-
proved in few-shot, and the model’s pronunciation compre-
hension score in zero-shot was close to 25%, i.e., randomly
selected, which may be because the model was unfamiliar
with the content of the questions and the options, and the
samples given in the model inputs in the few-shot experi-
ments helped the model’s comprehension, which led to the
model’s improved performance.

The Yi1.5-9B-Ancient model achieved 50.83% in few-
shot, which is the best performance among all LLMs, an im-
provement of 0.03% over the Yi1.5-9B-Chat, and a 2.94%
improvement in the glyph comprehension task score.

Conclusion

In this paper, we present AncientBench, a benchmark cen-
tered on excavated documents containing four competencies
and ten tasks that comprehensively evaluates the compre-
hension of ancient characters for large language models. We
propose a three-stage approach to digitize ancient characters
and encode them into computers. In addition, we propose
an ancient model as a baseline and evaluate human perfor-
mance and large language models based on AncientBench.
Our research introduces excavated documents into the field
of natural language processing for the first time.

In future work, we will further expand the sources of data
and extend it to multiple modalities. In addition, we will ex-
plore more effective model evaluation methods and metrics.
Our research will provide a good foundation for large lan-
guage models in the field of ancient Chinese.
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